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Technical Field 

This invention relates to a method and means for processing information across a 
network, the network comprising a plurality of nodes. Each node has means for 
receiving and sending information and means for processing information. The 
invention is particularly concerned with such a network that implements a so-called 
particle filter. 
Background Art 

The particle filtering technique is known, see Arulampalam, IEEE Transactions on 
Signal Processing Vol. 50, No.2, February 2002, pp 174188 "A Tutorial on Particle 
Filters for Online Nonlinear/Non-Gaussian Bayesian Tracking" 
A particle filter algorithm may be summarised as including the following key steps: 

1. A set of particles are maintained that are candidate representatives of a 
system state. A weight is assigned to each particle, and an estimate of the state is 
obtained by the weighted sum of the particles (a non-analytic probability distribution 
function (pdf)). 

2. A recursive operation is carried out that has two phases: prediction and 
update. 

3. For prediction, at time t=k, the pdf is known at the previous time instant t=k-1. 
A system model is used to predict the state at time t=k 

4. For update, at time t=k, a measurement of the system becomes available, 
which is used to update the pdf that was calculated in the prediction phase; During 
update, the particles may be resampled to remove particles with small weight. 

5. return to 3. 

An objective of particle filtering may be to track a variable of interest as it evolves 
over time, for example the state of an aircraft, by means of a series of observations 
with a number of sensors. The observations typically have a non-Gaussian 
measurement function. The technique is a sequential Monte Carlo method, in which 
a set of state trajectories (or particles) are maintained that are candidate 
representatives of a system state. When a new observation is made, each trajectory 
is extended and weights are assigned to each particle according to the likelihood of 
the state it represents given the measurement. A new particle population is 
generated to replace the old one by resampling from the old particle population in 
proportion to the weights. 
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Algorithms for solving problems over a network fall into three classes: 
Centralised algorithms: Centralised algorithms require that all data be sent to a single 
node. The processing occurs at that node and the assignment solution is sent out to 
all nodes. Centralised algorithms are not robust and do not scale well with network 
size. They are not robust since the removal of the central node causes complete 
failure. They do not scale well as the number of messages that must be sent down a 
given link will tend to grow with network size (or the number of links to the central 
node will grow). 

Distributed algorithms: Distributed algorithms require that all data be sent to all 
nodes. Each node is then able to process the data to arrive at the optimal solution. 
Distributed algorithms are robust, but not scaleable. 

Decentralised algorithms: This applies to networks wherein each node is connected 
for receiving or transmitting information to selected other nodes of the network, 
usually neighbouring nodes. Decentralised algorithms include data fusion (for the 
purposes of this specification, data fusion is intended to mean processing of 
information) at each node before information is passed on to connected nodes. This 
allows some of the processing necessary to reach an optimal answer at a particular 
node, to be carried out at neighbouring nodes, and avoids the requirement that all 
data be sent to all nodes. Decentralised algorithms are robust and scaleable. 
A decentralised network has the following properties: 

1. There is no single central decision centre; no one node should be 
central to the successful operation of the network. 

2. Nodes do not have any global knowledge of network topology, or size; 
nodes should only know about connections in their own neighbourhood. 

There are published methods for decentralising the particle filter, where data 
processing is carried out locally at selected nodes of a network of nodes, each node 
corresponding for example to a sensor. The results of the data processing are 
exchanged between neighbouring nodes. The decentralised methods published in 
the literature, achieve decentralization through a compact representation of the 
particle filter's particle population; see: 

M. Rosencrantz, G. Gordon, S. Thrun, 'Decentralized Sensor Fusion With 
Distributed Particle Filters", Proceedings of the 19th Annual Conference on 
Uncertainty in Artificial Intelligence (UAI-03), Morgan Kaufmann Publishers, San 
Francisco, CA, 2003, pp 493-500 
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M. Coates, "Distributed Particle Filters For Sensor Networks", Information Processing 
In Sensor Networks Proceedings of the third international symposium on Information 
processing in sensor networks, Berkeley, California, USA, 2004, pp 99 - 107 
The problem with these published methods is that they do not provide a robust 
representation, that there is no quantitative measure of the quality of the 
representation achieved, and that the representations do not lend themselves well to 
inclusion in a decentralized tracking scheme. 

The use of a mixture of Gaussian distributions as a compact representation for a 
non-Gaussian probability distribution in decentralised tracking is described in S. 
Kumar and B. Upcroft, "ANSWER II Interim Progress Report: Algorithmic Design" 
Department of Aerospace, Mechatronic and Mechanical Engineering, University of 
Sydney, July 2004. This work makes no mention of application to particle filtering, 
and involves the assimilation of multiple Gaussian mixture distributions that is 
identified as a drawback with large computational requirements. 

Summary of invention 

In one aspect the present invention provides a network for estimating a system state, 
the network comprising a plurality of nodes, each node having means for receiving 
and sending information and means for processing information, and each node being 
connected to selected other nodes of the network, each node including: 

particle filter means for maintaining a set of particles and associated weights, 
which represent an estimate of the system state, and means for updating the set 
when new information is available, 

means for representing the estimated system state as a mixture of Gaussian 
distributions, and means for communicating said mixture to neighbouring nodes, 

said means for updating, being responsive to receiving said mixture from a 
neighbouring node to update its estimate of the system state. 

In a further aspect the present invention provides a method for estimating a system 
state that is applied in a network comprising a plurality of nodes, each node having 
means for receiving and sending information and means for processing information, 
and each node being connected to selected other nodes of the network, the method 
comprising, at each node: 
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(i) maintaining a set of particles and associated weights, which represent an 
estimate of the system state, 

(ii) representing the estimated system state as a mixture of Gaussian 
distributions, and communicating said mixture to neighbouring nodes, and 

(iii) in response to receiving said mixture from a neighbouring node, updating 
the estimate of the system state that is maintained at the node. 

In at least a preferred embodiment of the invention, an algorithm requires that the 
local particle population be used to generate a Gaussian mixture approximation. The 
incoming and local PDFs are then evaluated at each particle position, divided, and 
applied as a weight to the particles. In order to achieve decentralised filtering each 
sensor node must send its tracks to its neighbours. The receiving node must then 
update its own tracks using the new information in the incoming tracks before 
sending out its own tracks. The network is assumed to be tree-structured and 
channel filters are established such that the new information can be calculated by 
dividing the local track PDF by the incoming track PDF. It follows that new 
information need only be calculated at the discrete positions of the particle population 
to be updated. 

Brief Description of the drawings 

A preferred embodiment of the invention will now be described with reference to the 
accompanying drawings, wherein: 

Figure 1 is a schematic representation of a particle filter algorithm for use in the 
present invention; 

Figure 2 is a representation of particle filtering from two separate unconnected 
sensor nodes; 

Figure 3 is a representation of the particle filtering of Figure 1, but where the sensor 
nodes are connected in a centralised network ; 

Figure 4 is a diagrammatic view of a Gaussian mixture representation of a particle 
population; and 

Figure 5 is a schematic view of a decentralised network comprising two sensor nodes 
that implement the preferred embodiment of the present invention. 
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Description of the preferred embodiment 

Particle filtering is a powerful non-linear and non-Gaussian method for tracking. Its 
power comes from its representation of the target in state-space. It achieves this 
representation through a population of particles. It is highly desirable to be able to run 
particle filtering in a decentralised manner across a network. In order to do this a 
compact representation of the particle population is required, as sending the entire 
population is not feasible. One also requires a means of making the information 
update from one particle population to another in a neighbouring node. The individual 
particles are not of direct use in this regard as they encode the probability distribution 
in their population statistics rather than individually. 

The present invention achieves a compact representation of the particle population 
by approximating the distribution with a mixture of Gaussians. The mixture of 
Gaussian representation, applied to populations and then indexed using particles of 
the population to be updated, provides an efficient means of making the information 
update required in distributed tracking. The mixture of Gaussians representation also 
provides a means of representing a particle population that requires a specific 
amount of bandwidth and can be adjusted according to requirements. No training is 
required. 

The novel elements of this approach are that it employs a well-understood and 
general representation (Gaussian mixture model) and allows a compact 
representation of the particle population to be exchanged. Moreover the form of the 
representation lends itself to an efficient information-based update of the receiving 
node's state-space. The update can be made immediately, no consensus across the 
nodes being required. The representation also allows easy checks for consistency, 
such that one can pass a more accurate representation (using more Gaussian 
kernels) if the bandwidth is available and a particular particle population requires it. 
The particle filter is well known. The simplest form is as follows. Particle filtering is a 
tractable solution to the general problem of Bayesian filtering: 

Predict: p( Xk I r^-i ) = jp(Z k I Z*-i )p(Z k -\ I Yu-x )dz k -\ 
Update: p( Xk \ y vk ) oc p(y k \ Xk )p(z k \ 

Where p{y k \x k ) is the likelihood function (measured PDF) 
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k is the index for the time-step, x is the system state, and y is the measurement set. 

If one assumes the likelihood functions are Gaussian and the measurement/motion 
models are linear, these equations become analytically tractable and one has the 
Kalman filter. More generally the equations cannot be solved analytically. 

If we represent our probability distributions by populations of points then we can 
solve these equations as summations without any assumptions of linearity and 
Gaussianity, but the sojution is only strictly correct in the limit of infinite 
summations/points. 

♦ 

Assumption: a set of N state samples and corresponding weights 

0)^,1 = 1,.-.,n} represents the posterior density p(z k -\ I ^i*-i) at time k-1 . 



Procedure: update the particle set to represent the posterior density p(% k 1 7ut)^ or 
current time k according to following iterations 



where % is the resampled state representation (all weights equal). 

Referring to Figure 1, the following steps take place: 

a. The current system state, at the top of the diagram is: 

b. Resampling, represented in the second line of the diagram: 



~ (0 



> ~ PiXt-i I ) 



c. The prediction stage, the third line of the diagram: 

d. The measurement and update phase where new weights are assigned, the 
final line of the diagram: 

{ri°.<}-pC&ly tt ) 

In Figure 2 two particle populations are shown. The populations, , represent the 
probability distribution function (PDF) for the target over the state space (2-D space 
and 2-D velocity, only 2-D space show in image), based on the separate 
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measurements from each of the two sensors shown. The sensors give noisy 
measures of range and bearing. .In Figure 3 a third population is shown: This 
represents the population based on centralised particle filtering where the 
measurements from both sensors are applied to the same particle population at 
some central node. It can be seen that, by using both sets of measurements, better 
localisation is achieved. 

In order to achieve decentralised filtering each sensor node must send its tracks to its 
neighbours. The receiving node must then update its own tracks using the new 
information in the incoming tracks before sending out its own tracks. In the present 
invention the network is tree-structured, by which is meant is does not include loops, 
and channel filters are established such that the new information can be calculated 
by dividing the local track PDF by the incoming track PDF. 

The new information need only be calculated at the discrete positions of the particle 
population to be updated. The algorithm requires that the local particle population be 
used to generate a Gaussian mixture approximation. The incoming and local PDFs 
are then evaluated at each particle position, divided, and applied as a weight to the 
particles. 

Figure 4 shows a five-kernel Gaussian mixture representation of the particle 
distribution for sensor 1. The population of 1000 particles in four degrees of freedom 
is now represented by five four-dimensional vectors of means and covariances. 

Figure 5 is a schematic view of a decentralised network comprising two sensor 
nodes, m and m+1. The arrows indicate the sequence of operations. Each node is 
represented by a first column that indicates schematically the particle PDF held at the 
node, and a second column indicates the Channel filter for the node, with Channel 
filter PDF indicated schematically. The channel filters are connected across a 
communication link that is indicated by the horizontally extending arrows. The 
vertical direction represents a time axis. 

Specifically, in an initial step, the population PDF maintained in node m+1, is used to 
generate in the channel filter of node m+1, a compact representation of the 
population as a mixture of Gaussian representations, for time T=t n -i. These are 
transmitted (schematically indicated) across the communication link to the channel 
filter for node m. Each Gaussian distribution of the mixture is transmitted as signals 
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representing the mean and covariance of the distribution; thus only a minimal amount 
of information is required to be transmitted. 
The step labelled 'Up* is the update of the local particle population at node m (P m ) 

using the channel filter (a particle population updated from T=t n .i) and the incoming 
compact representation (a mixture of Gaussians from node m+1). The incoming 

Gaussian mixture is P Gt „ +l = ^G^ where N is the number of Gaussian kernels 

(mean p, covariance a) chosen to represent the parent distribution represented by 
the particle density. 

The particle population maintained in the channel filter receiving from node m+1 at 
node m is used to generate a Gaussian mixture representation p£ m . Particle 

population/^ is updated with the new information from node m by weighting and 
resampling the particles. The weight, w im , for the i-th particle, p im , in P m is given by, 



YG M+1 (p. ) 



EG cKm (p. ) 

k=l:N 

Further prediction and update steps may take place in node m as a result of 
measurements received from associated sensors etc. 

In a following step, a compact representation of the population existing in node m, is 
transmitted as a compact Gaussian mixture representation to node m+1, in a simlar 
manner to that described above. 

The method described has been implemented across a tree-structured sensor 
network using channel filters. 

Tthe method may be extended to general networks, using known solutions to the 
conservative combination of Gaussian mixtures Conservative methods such as 
covariance guarantee that the estimated covariance will not be smaller than the true 
covariance.] 



Tests have been run of the two sensor node embodiment shown in Figure 5, and the 
results show that little information is lost through use of the compact representation, 
and that the method is stable. The results show a good level of consistency. 



